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Researchers interested in foreign aid have, for several dec-
ades, done their best to empirically estimate the impact of aid
on economic growth. This has not been easy, and both method-
ologies and results have varied over time. The aid eﬀectiveness
literature has passed through at least four diﬀerent generations
with each generation having its own distinguishing analytical
features (see Arndt, Jones, & Tarp, 2010; Hansen & Tarp,
2000). A positive aid-growth association has been reported as
characteristic across the ﬁrst three generations of aid-growth
empirical work surveyed by Hansen and Tarp (2000); but the
fourth generation work discussed in Arndt et al. (2010) has sug-
gested that aid may be impotent in spurring growth. 1 The bal-
ance of evidence in the last 3–4 years, however, does appear to
be shifting again toward noting a positive and signiﬁcant
impact of aid on growth at the macro level. 2
In terms of methodological focus, the early empirical litera-
ture on aid and growth for the most part used simple cross-
sectional analysis with limited attention to addressing the
problem of endogeneity of aid in the growth regression. 3
However, in the 1990s, with better data available, attention
shifted to panel data techniques. This made it possible to
account for unobserved country-speciﬁc factors and exploit
variations both across countries and over time. Subsequently,
advances in instrumental variable and more advanced panel
data techniques like dynamic panel Generalized Methods of
Moments (GMM) shifted the methodological emphasis to
yet another level, and the endogeneity problem in aid-growth
empirical analysis attracted further attention.
Until very recently, the use of time-series techniques like
co-integration analysis and vector autoregressive (VAR)19models was quite limited in aid-growth empirical research.
Yet, studies are now starting to emerge. One recent
contribution is Juselius, Framroze-Møller, and Tarp (2013),
who carry out a comprehensive study of the long-run eﬀect
of aid on a set of key macroeconomic variables including eco-
nomic growth for a group of 36 sub-Saharan African (SSA)
countries. Their ﬁndings provide clear support for a positive
long-run impact of aid on the macroeconomy of recipient
countries. Another recent time-series contribution is the paper
by Nowak-Lehmann, Dreher, Herzer, Klasen, and Martı´nez-
Zarzoso (2012), henceforth NDHKM, who conclude that aid
has an “insigniﬁcant or minute signiﬁcant negative impact
on per capita income” of recipient countries.
Overall, as noted in Juselius et al. (2013), the divergent evi-
dence on aid eﬀectiveness is perplexing in light of the fact that
the data on aid and other macro variables used in most papers
come from the same publicly available databases. In explain-
ing this, Juselius et al. (2013) argue that the choices researchers
make regarding data transformations, econometric models,
estimation methods, and assumptions related to endogeneityrevision accepted: December 21, 2013.
Table 1. Impact of Aid on Income
Dependent variable LY LY LY LY
LPOPGPLUS – – – 0.00
LSDOMY – 0.08 0.07 0.07
LSEXTNY – – 0.04 0.05
LSNATY 0.02 0.01 0.01 0.02
q 0.97 0.97 0.98 0.99
N 57 56 50 50
T 41 41 41 41
K 2120 1693 794 755
K/(N  T) 0.91 0.74 0.39 0.37
Notes: Estimates of Eqn. (1). t-Values are identical to NDHKM and
therefore not reported. N refers to the cross-sectional dimension (amount
of countries), T to periods, and K to amount of observations used for
estimation. Variable descriptions are as follows: LY (log of real per capita
income growth), LSDOMY (log of domestic savings to Gross Domestic
Product (GDP) ratio), LSEXTNY (log of net external savings to GDP
ratio), and LSNATY (log of net aid transfer to GDP ratio).
Source: See text.
20 WORLD DEVELOPMENTor exogeneity are the main underlying reasons behind the
observed discrepancies.
The primary objective of the present study is to illustrate the
above points with reference to the aid-growth literature.
Particularly, we show how misguided data transformations
and inappropriate use of time-series techniques can easily lead
to misrepresenting key elements about how aid is allocated
and to incorrect conclusions about aid eﬀectiveness. We illus-
trate these points focusing on the recent contribution by
NDHKM. Although we welcome their eﬀort as a step toward
increasing the application of time-series techniques in empiri-
cal aid eﬀectiveness research, the NDHKM paper suﬀers from
serious limitations as demonstrated in detail below. We
present alternative empirical evidence on the eﬀects of aid on
income, by applying VAR models instead of the single-equa-
tion model considered by NDHKM, while using the same
dataset. We argue that this methodology accurately addresses
the endogeneity problem at hand in the aid-growth relation-
ship, and is a better time-series approach to estimating the
dynamic long-term eﬀects of aid on income.
To achieve the objectives of this study, we begin by replicat-
ing the regression results reported by NDHKM. For this exer-
cise, we make use of the replication ﬁles provided by NDHKM
in the data archive of the Canadian Journal of Economics. The
regressions are for the most part based on a panel of 50 coun-
tries, which is claimed to be “virtually balanced” with only 3%
of the observations missing (NDHKM, p. 298). Our replica-
tion reveals that this is not the case. In most of the regressions
only 30–40% of the available observations are actually used
for estimation. The main reason for this omission is that
NDHKM estimate a regression model that includes logarith-
mic transformations of variables that are not strictly positive.
Although the unbalancedness of the panel aﬀects the asymp-
totic and ﬁnite-sample properties of the employed estimators, 4
this is not our main point. We acknowledge that imperfect
datasets are part of the reality in which empirical economists
live. Macroeconomic panels are often unbalanced due to the
fact that the starting period from which economic variables
are available typically varies across countries. Researchers
thus face a choice between optimizing the amount of observa-
tions, which then constitute an unbalanced panel, or to bal-
ance the panel, by cutting early observations from countries
with long time-series data.
The problem we address here goes much deeper and has
serious implications for the results and conclusions reached.
To begin, the observations in NDHKM are not simply
missing; they are actually omitted by the authors. NDHKM
compile an impressive dataset including relatively long time-
series on aid, income, and other macroeconomic variables
for a large group of countries. However, by trying to take
logarithms of variables with negative values, a substantial
fraction of this dataset is simply disregarded. While typically
an unbalanced panel consists of time-series of diﬀerent length,
in this case the logarithmic transformation creates huge gaps
within the time-series. This makes analyzing the dynamic
properties of the data very diﬃcult, if not impossible. The
regression model, which is a log-linearization of a multiplica-
tive Solow-type growth model, cannot be correctly speciﬁed
since not all the variables in the model are strictly positive.
Apart from these issues with data andmodel speciﬁcation, the
estimation results in NDHKM should not be interpreted as a
causal eﬀect of aid on income. Although the applied
methodology enables the analyst to consistently estimate the
co-integrating coeﬃcient, even when the regressor (aid) is
endogenous, interpreting this estimate as a causal relationship
between aid and income requires strict exogeneity of aid. 5 Inview of this, the negative and signiﬁcant coeﬃcient reported
by NDHKM cannot have causal interpretation regarding the
impact of aid on growth. Besides, although tempting, interpret-
ing the statistically insigniﬁcant co-integrating coeﬃcient as
lack of a causal relationship between aid and growth is inappro-
priate. The insigniﬁcant coeﬃcient can at best suggest absence
of evidence in the current sample, rather than evidence of
absence (see Temple, 2010, chap. 67). In spite of this, NDHKM
interpret their statistically insigniﬁcant estimate of the co-inte-
grating coeﬃcient as evidence of lack of a causal relationship
between aid and income. A serious attempt to isolate potential
causal (negative or positive) eﬀects of aid on income is missing.
Thus, without a clear identiﬁcation strategy, ﬁnding a negative
and signiﬁcant/insigniﬁcant parameter for aid does not neces-
sarily reveal anything about the impact of aid on growth.
Arguably, a system approach such as the VAR model
applied in this study provides illuminating insights when esti-
mating the intertemporal eﬀects of aid on income, as will be
discussed further in Section 3. Since the seminal work by Sims
(1980), VAR models have become the benchmark in empirical
macroeconomics. In contrast, in the aid literature VAR
models have not yet gained the same popularity, although
there have been some recent applications of VAR models,
such as Osei, Morrissey, and Lloyd (2005), Hansen and
Headey (2010), Gillanders (2011), Juselius et al. (2013) and
Kang, Prati, and Rebucci (2012). In the present study we
apply a Panel VAR model to the dataset of NDHKM to inves-
tigate the eﬀect of aid on income. By allowing explicitly for an
eﬀect of aid on income as well as an eﬀect of income on aid, we
ﬁnd that the former eﬀect is both positive and signiﬁcant.
The study is structured as follows. In Section 2, after present-
ing the replication results, we discuss the data-handling con-
cerns uncovered by the replication exercise. In Section 3, we
review the problems with the empirical strategy of NDHKM,
and introduce our own strategy. Section 4 presents the results
from estimating VAR models on the NDHKM dataset. Sec-
tion 5 concludes that when a Panel VAR model is applied to
the same dataset as in NDHKM, a positive and statistically sig-
niﬁcant long-run eﬀect of aid on growth emerges.2. REPLICATION RESULTS
We begin the replication exercise by noting that we are able
to exactly replicate virtually all the empirical results reported
Table 2. Diﬀering Impact Depending on Aid-to-GDP Ratio
Aid-to-GDP ratio Above average Below average
Dependent variable LY LY
LPOPGPLUS 0.04 0.37
LSDOMY 0.05 0.16
LSEXTNY 0.04 0.06
LSNATY 0.03 0.01
q 0.98 0.99
N 23 27
T 41 41
K 343 412
K/(N  T) 0.36 0.37
Notes: See Table 1.
Table 3. Diﬀering Impact Depending on HDI
HDI <0.5 0.5–0.799 >0.8
Dependent variable LY LY LY
LPOPGPLUS 0.53 0.43 0.68
LSDOMY 0.06 0.09 1.91
LSEXTNY 0.02 0.05 1.01
LSNATY 0.03 0.01 0.17
q 0.97 1.00 0.35
N 20 25 4
T 41 41 41
K 303 413 30
K/(N  T) 0.37 0.40 0.18
Notes: See Table 1.
Table 4. Diﬀering Impact Depending on Income Level
Income level LDC GNI < 735 736 < GNI < 9075
Dependent variable LY LY LY
LPOPGPLUS 0.23 0.30 0.23
LSDOMY 0.05 0.06 0.18
LSEXTNY 0.08 0.05 0.06
LSNATY 0.01 0.02 0.01
q 0.97 0.98 0.99
N 18 24 24
T 41 41 41
K 295 397 321
K/(N  T) 0.40 0.40 0.33
Notes: See Table 1.
Table 5. Diﬀering Impact Depending on Region
Region Caribbean Latin America Africa Asia
Dependent variable LY LY LY LY
LPOPGPLUS 2.87 0.58 0.10 0.51
LSDOMY 0.16 0.12 0.06 0.02
LSEXTNY 0.06 0.06 0.04 0.02
LSNATY 0.04 0.02 0.01 0.03
q 0.98 0.95 0.96 1.01
N 5 11 25 6
T 41 41 41 41
K 69 117 356 136
K/(N  T) 0.34 0.26 0.35 0.55
Notes: See Table 1.
AID AND INCOME: ANOTHER TIME-SERIES PERSPECTIVE 21by NDHKM. Tables 1–7 show the replications of the corre-
sponding Tables 1–7 in NDHKM. Except for the sixth column
of Table 6, 6 these tables match the results reported by
NDHKM. After outlining the empirical model, we discussour concerns raised by this replication exercise. NDHKM
estimate the following model, relating income per capita
(LY) to population growth (LPOPGPLUS), domestic savings
(LSDOMY), net external savings (LSEXTNY), and net aid
transfers (LSNATY), with all variables measured in logs:
LY i;t ¼ b0;i þ b1LSDOMY i;t þ b2LSEXTY i;t þ b3LSNATY i;t
þ b4LPOPGPLUSi;t þ ui;t ð1Þ
Domestic savings, external savings, and net aid transfers are
expressed as (log) ratios to GDP. Tables 1–5 provide estimates
of this model, using diﬀerent subsamples of the smaller “bal-
anced” panel of 50 countries, while Table 6 presents estimates
based on a larger panel of 131 countries. Table 7 presents the
estimated eﬀects of aid on investment, domestic savings, and
the real exchange rate. For the estimates reported in Tables
1–5 and 7, NDHKM apply the Dynamic Generalized Least
Squares (DGLS) estimator, by Stock andWatson (1993). 7This
method involves adding l lagging and leading diﬀerences of all
regressors to Eqn. (1). Throughout their paper, NDKMH set
l = 2, without further elaboration on this choice.
Since all variables are subjected to a logarithmic transforma-
tion, it is necessary that the original series (in levels) are strictly
positive. As it turns out, this is not the case and results in the
omission of a large fraction of the available data. To illustrate
this problem, we focus on the fourth column of Table 1 where
the estimates of Eqn. (1) are reported, using all the covariates,
for a panel of 50 countries over the period 1960–2006. After
adjusting the endpoints to the dynamic speciﬁcation of the
model, there are 41 observations available per country. A bal-
anced panel should therefore include 41  50 = 2,050 observa-
tions. Our replication shows that the full model in the fourth
column of Table 1 in NDKMH is based on only 755 observa-
tions, implying a loss of 63% of the available observations.
Consider, for example, the top-left plot in Figure 1, which
depicts domestic savings, net external savings, and net aid
transfers, in levels, for Algeria. For all the three variables, full
time-series data over the period 1960–2006 are available. How-
ever, since net external savings are negative during several
periods, these observations are lost after the logarithmic trans-
formation (bottom-left plot).
Because Eqn. (1) is supplemented with two leading and
lagging diﬀerences of all regressors, at least six subsequent
observations are required within a country, to include one
observation for estimating the model. Making matters even
more challenging, the DGLS estimator requires one additional
observation for estimating q, the autocorrelation parameter of
the residual term u. Therefore, in order to include observation
t for country c in the estimation, all variables need to be
observed for seven periods, from period t  4 to t + 2. As
Figure 1 shows, this happens only once for Algeria, during
1984–90. As a result, t = 1988 is the only observation from
Algeria used for estimating Eqn. (1). The right-hand side plots
in Figure 1 tell a similar story for Swaziland. In levels, there
are two short gaps in the observed data. After the logarithmic
transformation, there is only one interval left during which all
variables are observed for at least seven subsequent periods:
1986–92. The only observation from Swaziland used for
estimating Eqn. (1) is t = 1990.
In addition to resulting in the omission of observations, the
logarithmic transformation of domestic savings and net exter-
nal savings is questionable for other reasons. In levels, Figure 1
shows a very clear co-movement between these variables.
After taking logs, this information is lost. Given that the
observations are not randomly omitted, but are systematically
dropped for country-year pairs with nonpositive savings val-
ues, the coeﬃcient estimate of aid may therefore be potentially
Table 6. Impact of Aid on Income (Sample of 131 Countries)
Method FE FE FE + GLS GMM GMM SUR
Data Annual 5y-averages 5y-averages 5y-averages 5y-averages 5y-averages
Dependent variable: LY LY LY LY LY LY
LPOPGPLUS 0.12 0.08 0.17 0.37 0.28 –
LSDOMY 0.09 0.10 0.02 0.04 0.01 –
LSEXTNY – 0.01 0.01 0.01 0.01 –
LSNATY 0.06 0.05 0.02 0.02 0.02 –
N 131 131 131 131 131 –
T 41 8 8 8 8 –
K 1728 346 198 198 115 –
K/(N  T) 0.32 0.33 0.19 0.19 0.11 –
Notes: See Table 1. FE = Fixed eﬀects, GLS = Generalized Least Squares, GMM = Generalized Methods of Moments and SUR = Seemingly
Unrelated Regressions.
Table 7. Indirect Impact of Aid
Dependent variable Investment Domestic savings Real exchange
rate
LSDOMY 0.42 – –
LSEXTNY 0.29 0.12 0.14
LSNATY 0.04 – 0.51
q 0.54 0.58 0.72
N 50 56 20
T 41 41 41
K 795 1915 327
K/(N  T) 0.39 0.83 0.40
Notes: See Table 1.
22 WORLD DEVELOPMENTunderestimated. For a given level of aid, country-year pairs
with nonpositive saving values are cases where the returns to
aid may be higher.
Although Algeria and Swaziland are the worst cases, the
problem is widespread. Figure 2 shows the distribution of
observations per country included in the estimation of Eqn.
(1). The full potential of 41 observations is realized in only
one country (Egypt). In 37 out of the 50 countries, less thanFigure 1. Domestic savings, net external savings, and net aid transfer for Alger
period 1960–2006. Source:half the observations are actually used. All our tables show
the number of observations actually used for estimation rela-
tive to the potential number of observations.
A similar critique also applies to the estimates based on the
larger panel of 131 countries, reported in Table 6. We have
been able to replicate all the results in this table except the
sixth column. The issue of missing observations as the result
of a failed logarithmic transformation applies here as well,
as is evident from Figure 3. This ﬁgure shows the distribution
of observations per country included in the estimation
reported in the third column of Table 6. This estimation is
based, on average, on only 1.5 observations per country. This
is clearly insuﬃcient to oﬀer a time-series perspective.
The regression model (1) is derived in NDHKM (p. 293) by
log-linearizing a Cobb-Douglas production function in which
income is the product of the inputs of domestic savings, net
external savings, and net aid transfers. Given that income is
strictly positive, the inputs are required to be strictly positive
as well, for this multiplicative relation to hold. 8 Our ﬁnding
of negative inputs therefore clearly reveals, in addition to the
empirical problem of missing data, mis-speciﬁcation of the
theoretical model.ia (left) and Swaziland (right), in levels (top) and logs (bottom), for the
Authors’ illustration.
Figure 3. Distribution of included observations for the estimation of Eqn. (1): Table 6, 3rd column. Histogram depicts the number of countries (y-axis) with
the number of included observations (x-axis). Source: Authors’ illustration.
Figure 2. Distribution of included observations for the estimation of Eqn. (1): Table 1, 4th column. Histogram depicts the number of countries (y-axis) with
the number of included observations (x-axis). Source: Authors’ illustration.
AID AND INCOME: ANOTHER TIME-SERIES PERSPECTIVE 23Overall, in our assessment, the reported results in NDHKM
do not provide any evidence in favor or against the eﬀective-
ness of aid. Apart from the panels being highly unbalanced,
the remaining observations are often not clustered, but scat-
tered over the full potential sample. This makes time-series
analysis nearly impossible.3. EMPIRICAL STRATEGY
Regardless of the issues related to data, estimating Eqn. (1)
by DGLS is not a suitable empirical strategy when the aim is
to estimate the causal eﬀect of aid on income. The estimation
results cannot be given a causal interpretation in the presence
of an endogenous regressor (aid). NDHKM acknowledge that
aid is likely to be endogenous with respect to GDP. Identiﬁca-
tion of causal eﬀects in the presence of endogenous regressors
is usually achieved through a proper application of instrumen-
tal variables. Finding valid instruments, which are uncorre-
lated with the dependent variable but suﬃciently correlated
with the endogenous regressors to ensure strong identiﬁcation,
is often a daunting task (see Clemens & Bazzi, 2009). Clemens
et al. (2012) also discuss the challenge of ﬁnding a reliable
instrument for aid as a major problem in aid-growth empirical
research. While lags of the endogenous regressors are often
legitimate instruments, their use in this application would be
invalid because the residuals from the co-integrating relation-
ship are strongly autocorrelated.Partly because of the diﬃculties associated with ﬁnding valid
instruments, NDHKM choose a completely diﬀerent empirical
strategy. They estimate a co-integrating relation between aid
and income using the DGLS estimator. The authors cite the
result of Stock and Watson (1993), who note that the DGLS
estimator is unbiased even when the regressors are endoge-
nous. Given that the variables are co-integrated, the DGLS
estimator does indeed give unbiased estimates of the co-inte-
grating vector. However, it is a misunderstanding that the
parameters of a co-integrating vector can be interpreted as a
causal eﬀect. As indicated in Stock and Watson (2011, p.
697), strict exogeneity of the regressors is required for such a
causal interpretation. Even in the case of a bivariate model
for aid and income, where there can be at most one stationary
long-run relation, this co-integrating vector by itself does not
reveal any direction of cause and eﬀect. Hence no conclusions
on the “impact of aid on income” can be drawn based on the
DGLS estimates reported by NDHKM.
As an arguably meaningful alternative, we present in the
next section a Vector Autoregressive (VAR) model, which
treats all variables as endogenous, for aid and income, esti-
mated on the same dataset as NDHKM. The VAR framework
is well suited to address the issue of a bi-directional relation-
ship between aid and growth. It allows for joint modeling of
the dynamics of income and aid, by explicitly formulating
separate equations for both endogenous variables.
Moreover, rather than identifying an instantaneous (static)
causal eﬀect, VAR models are able to show the dynamic
24 WORLD DEVELOPMENTintertemporal impact of a shock to one variable on the future
path of another variable. Since aid is not necessarily supposed
to improve income per capita immediately, but rather to
improve conditions for growth in the longer run, a dynamic
model such as a VAR provides one way of assessing the
long-term impact of aid on income. By computing impulse
response functions based on the estimated VAR, we analyze
the dynamics of income over a period of 10 years following
a shock to aid. With both aid and income treated as endoge-
nous a priori, the VAR allows us in addition to explicitly con-
sider a shock to income and its eﬀects on aid.
In order to deal with the nonstationarity and co-integration
of the variables, we estimate the VAR as a Vector-Error-Cor-
rection Model (VECM). Even if this bivariate representation
allows for only one co-integrating vector, our impulse
responses show that there are two separate dynamic eﬀects,
of opposite sign, at work between aid and income. This ﬁnding
highlights that the co-integrating relation itself should not be
confused for an economic causal relation.
VAR models have become the benchmark tool in macro-
econometrics, for example for estimating the eﬀects of
monetary and ﬁscal policies. 9 For such applications a multi-
equation model is attractive. Fiscal and monetary policies
aﬀect the performance of the economy but the state of the
economy is likely as well to have an impact on the policies. 10
The same argument applies to the relationship between aid
and income. Surely, when donor countries make decisions
regarding development aid, they take into consideration the
economic conditions in the recipient countries. This is, for
example, built into the aid allocation formula of the Interna-
tional Development Association (IDA). When estimating the
eﬀect of aid on income, it is therefore essential to disentangle
it from the (allocation) eﬀect of income on aid.
In a recent study, Juselius et al. (2013) estimate separate co-
integrated VAR models for 36 African countries, which are
supplemented with country-speciﬁc dummies to indicate peri-
ods of economic and political turmoil. In our approach the
observations of all countries are instead pooled to estimate a
Panel VAR (PVAR) with ﬁxed parameters. Our PVAR is
therefore a dynamic multiple-equation extension of the ﬁxe-
d-eﬀects model considered by NDHKM. The advantage of
pooling the data is that it dramatically increases the size of
the dataset. Rather than estimating the country-speciﬁc
VAR using T observations, we estimate a PVAR with
T  N observations. In our case, T = 37 and N = 59. By
assuming ﬁxed parameters, there are many more observations
available to estimate the parameters but this, of course, comes
at a cost. Assuming constant parameters across countries can
be highly restrictive, while country-speciﬁc dummies to
account for extreme events are not included. We acknowledge
these restrictions and emphasize that we estimate the average
eﬀects of aid for the reasons outlined in the introduction. In
speciﬁc countries these eﬀects may well diﬀer from the ones
presented in Section 4.
On this background, we aim to keep our model parsimoni-
ous. In order to provide an answer to the question raised by
NDHKM (“Does foreign aid raise per capita income?”), we
ﬁt a bivariate VAR model to aid and GDP—both expressed
in log per capita terms. This provides a telling alternative to
the NDHKM single-equation regression model with aid as
the only regressor (Table 1, 1st column), for which NDHKM
report a negative correlation between aid and income. The
logarithmic transformation of the variables follows the con-
vention in the aid literature. Juselius et al. (2013) report evi-
dence in favor of a multiplicative rather than additive
relationship between aid and income, which makes thelogarithmic transformation required. Nevertheless, we avoid
the problems with taking logs of negative numbers (discussed
in Section 2), by excluding domestic and external savings from
the model and by considering countries that are net aid receiv-
ers only. As a robustness check, however, we also estimate a
VAR supplemented with domestic and external savings, while
keeping both these variables in levels rather than logs and
expressing them in per capita terms instead of as a share of
GDP.
Unlike NDHKM, we do not use the aid-to-GDP ratio.
Although considering aid as a ratio of GDP is not uncommon
in the literature on aid eﬀectiveness, it implies a certain restric-
tion on the long-term relation between GDP, aid and popula-
tion, which Juselius et al. (2013) test and reject for all the 36
African countries in their dataset. Moreover, transforming
aid into a ratio of GDP makes it harder to identify the eﬀect
of aid on GDP. For example, consider a negative exogenous
shock to GDP, which by construction reduces GDP per capita
and raises the aid-to-GDP ratio. In the model by NDHKM,
this negative co-movement between the regressor and explan-
atory variable would be interpreted as a negative eﬀect of aid
on GDP, even if the original shock to GDP could be entirely
unrelated to aid. Our VAR model therefore includes aid and
GDP both expressed in logs per capita, while we also examine
the robustness of our results by considering the aggregate lev-
els of both aid and GDP with and without taking logs of these
variables.
After estimating the model, we compute impulse response
functions. The impulse response functions show the dynamic
interaction between the variables of interest. In particular,
from the impulse responses one can see the response of one
variable (e.g., income) following a shock to another variable
(aid) and the duration it takes for the observed eﬀect of aid
to peter out. In order to identify the shocks, we impose a
recursive structure, which makes the order of the variables rel-
evant. Since the seminal paper by Sims (1980), in this literature
it is generally considered suﬃcient (and even preferable) to
provide a loose/intuitive justiﬁcation for the ordering of vari-
ables, rather than to formulate an exact structural economic
theory. For example, Caldara and Kamps (2008) argue that
there is in general a considerable delay between political deci-
sions on government spending and the actual spending. Mac-
roeconomic conditions therefore have an impact on
government spending only after a lag, while the reverse eﬀect
may occur immediately. The same argument can be applied
to spending on aid. 11 In our VAR, aid is therefore placed
before GDP. We acknowledge that relying on this recursive
identiﬁcation approach has limitations. Nevertheless, our
methodology is arguably superior to the approach applied
by NDHKM in terms of addressing the endogeneity issue
inherent in aid-growth empirical work. Moreover, given that
we consider a VAR of only two variables, it is relatively
straightforward to check the sensitivity of the results with
respect to our assumptions by simply reversing the order of
the variables. This we do in the next section as one of our
robustness checks. Our results indicate that, in this applica-
tion, the recursive order matters only for the estimated
short-term impact of aid, while the eﬀects of the ordering on
the estimated long-term impact (which is our primary interest)
are rather small.
A potential shortcoming of VAR models is that, unlike a
correctly speciﬁed structural model, they do not always reveal
the mechanism through which the eﬀects occur even if it
provides an empirical description of the dynamic interaction
between the variables. To uncover these structural mecha-
nisms, the VAR should include all relevant variables. Recent
AID AND INCOME: ANOTHER TIME-SERIES PERSPECTIVE 25studies therefore consider a VAR for aid and income supple-
mented with additional information. For example, Osei et al.
(2005) investigate the eﬀects of aid on ﬁscal variables, Hansen
and Headey (2010) consider trade balances, while Kang et al.
(2012) add exchange rates to their VAR. We consider a bivar-
iate VAR including only aid and GDP, because our main
purpose is to illustrate how VAR–based results diﬀer from
the single-equation framework applied by NDHKM. 124. VAR RESULTS
Our analysis is based on the following Panel VAR:
yi;t ¼ li þ
Xp
j¼1
Ajyi;tj þ ei;t; i ¼ 1 . . .N ; t ¼ 1 . . . T ; ð2Þ
in which yi,t is a k  1 vector deﬁning the state of the k
endogenous variables in country i during period t, li is a
k  1 country-speciﬁc intercept term, Aj are k  k matrices
of coeﬃcients, ei,t is a k  1 residual term and p denotes the
number of lags.
We apply this VAR to net aid receipts per capita and real
income per capita, both measured in logs; yi,t = (aidi,t, gdpi,t),
using data from 1970 to 2006 (T = 37) for 59 countries
(N = 59). The Appendix provides more details on the dataset.
Because the two variables are co-integrated, we estimate the
VAR in its VECM representation:
Dyi;t ¼ li þ ab0yi;tj þ
Xp1
j¼1
BjDyi;tj þ ei;t;
i ¼ 1 . . .N ; t ¼ 1 . . . T ; ð3Þ
in which D is a diﬀerence operator Dyi,t = yi,t  yi,t1, a (the
loading matrix) and b (the co-integrating matrix) are k  rFigure 4. Impulse response functions based on PVAR (2) with p = 2 for log-A
Bootstrap 95% conﬁdence bounds are based on 100vectors, and Bj are k  k matrices of coeﬃcients. The co-inte-
grating rank (r), is in our case r = 1 (see Table 9), while the
number of lags, selected based on Bayesian Information Crite-
ria, is p = 2 (see Table 10).
In estimating the Panel VECM (Eqn. (3)), we follow the
two-stage estimator proposed by Breitung (2005). It involves
estimating separate models for each country in the ﬁrst stage
to obtain estimates of the country-speciﬁc intercepts, after
which the remaining parameters are estimated in a pooled
regression.
Moving to the results, Figure 4 shows the orthogonalized
impulse response functions, with the dynamic eﬀects over
10 years on aid (left) and income (right) following a positive
shock to either aid (top row) or GDP (bottom row), with
95% bootstrap conﬁdence bounds based on 100,000 replica-
tions. The bootstrap implementation is explained in the
Appendix.
Figure 4b illustrates the eﬀect of a one unit positive shock to
aid per capita on income per capita. The impulse response
function clearly demonstrates a positive and signiﬁcant
response. Since both variables are measured in logs, the shock
can be interpreted as a 1% increase in net aid receipts per
capita. This 1% increase in aid receipts is estimated to raise
income per capita by 0.17% over a period of 10 years, com-
pared to the situation in which aid receipts would have
remained constant. Although a 0.17% increase in income per
capita may seem rather modest, one should take into account
that, on average over our sample, aid as a percentage of GDP
is no more than 7.6%. Averaged over countries and time, aver-
age aid receipts per capita are roughly US$39, while income
per capita is US$1,085. Hence, an increase of 1% in aid
receipts per capita would be on average US$0.39 per capita
in the ﬁrst year, which would reduce to extra aid receipts per
capita of 0.3%  39 = US$0.12 after 10 years (see Figure 4a).
The eﬀect on income, after 10 years, would be an increase of
0.17%  1,085 = US$1.84 per capita. In the countries weid per capita and log-GDP per capita. T = 37 (1970–2006) and N = 59.
,000 replications. Source: Authors’ illustration.
26 WORLD DEVELOPMENTfocused on in Section 2, in Algeria and Swaziland, average
income per capita in our sample is respectively US$1,835
and US$1,052, while average net aid receipts per capita in
these countries are respectively US$8 and US$43. Therefore,
in Algeria, an increase in aid receipts per capita of US$0.08
is estimated to lead over 10 years to an increase in income
per capita of US$3.12. In Swaziland, the eﬀect on income of
an initial US$0.43 increase in aid per capita after 10 years is
US$1.79.
The ﬁgures reported above are obviously highly simpliﬁed
“back-of-the-envelope” calculations, which do no justice to
the potential nonlinearities and heterogeneities across coun-
tries. 13 Nevertheless, the result that a shock to aid is in itself
transitory (Figure 4a), while its eﬀect on income seems persis-
tent (Figure 4b), suggests that a temporary increase in aid
spendingmay push income to a permanently higher level, which
is certainly a more positive assessment of aid than reported by
NDHKM. Our results are in line with other recent VAR-based
analyses of aid eﬀectiveness. Gillanders (2011) ﬁts a ﬁxed-
eﬀects PVAR to aid per capita and GDP growth and ﬁnds that
aid has a signiﬁcant positive, although small, eﬀect on growth.
Juselius et al. (2013) estimate country-speciﬁc co-integrated
VARs for aid, income, and other macroeconomic variables
and ﬁnd a positive eﬀect of aid for most of the countries.
Figure 4c illustrates how the use of a single-equation frame-
work may lead to confusion about the impact of aid. A shock
to income has an estimated negative and persistent eﬀect on
aid, which is of larger magnitude than the positive eﬀect of
aid on income. Both the intertemporal eﬀects in Figure 4b
and c play a role in the long run. Given the opposite signsFigure 5. Robustness checks for Figure 4b. See Table 9 for details on the alterna
replications. Source: Aof these eﬀects, and the larger size of the negative eﬀect, it
should come as no surprise that a negative and/or insigniﬁcant
long-run relation between aid and income is found using a sin-
gle-equation framework, even if the impact of aid on income is
positive and signiﬁcant. Moreover, the impulse response func-
tions show a clear diﬀerence between short- and long-term
impacts, demonstrating why a dynamic model structure, like
in a VAR, is crucial for evaluating these eﬀects. A static
model, like Eqn. (1) only considers the instantaneous impact,
but is unable to capture the long-term eﬀect, i.e., the impact on
income, multiple years after receiving aid.
Figure 4b, showing the intertemporal eﬀects of aid on
income, is reproduced in Figure 5 based on several alternative
VAR speciﬁcations, listed in Table 9 of the Appendix. In
Figure 5a and b, the starting date is set to 1960 and 1980,
respectively. This leads not only to a diﬀerent length of the
time-series, but also to the inclusion or exclusion of certain
countries. In Figure 5c, we consider aggregate aid levels
instead of aid per capita, while in Figure 5d both aid and
income are measured in aggregate levels. In Figure 5e, we
reverse the order of the variables, placing GDP before aid.
The main result, a positive eﬀect of aid on income in the long
run, is robust to all these alternatives. Only in Figure 5a is the
long-term impact of aid not signiﬁcant at the 5% level,
although the conﬁdence interval still lies almost entirely in
the positive domain. Comparing Figures 4b and 5a and b fur-
ther suggests that, over time, the evidence has become more
decisive toward a positive impact of aid.
The remaining models (f)–(i) are estimated as an unre-
stricted VAR (Eqn. (2)), rather than a VECM. For estimatingtive VAR speciﬁcations. Bootstrap 95% conﬁdence bounds based on 100,000
uthors’ illustration.
AID AND INCOME: ANOTHER TIME-SERIES PERSPECTIVE 27the unrestricted PVAR we follow common practice by com-
bining ﬁrst-diﬀerencing and GMM estimation, applying
lagged values as instruments (Arellano & Bond, 1991). First-
diﬀerencing Eqn. (2) eliminates the country-speciﬁc intercept,
thereby avoiding the problem of inconsistency of the ﬁxed-
eﬀects estimator for dynamic panel data regressions (Nickell,
1981).
In Figure 5f, we take ﬁrst-diﬀerences of aid and GDP
(both in levels per capita). A shock to aid seems to have a
positive short-run eﬀect on diﬀerenced income, which con-
verges to zero after some periods. The gradual decline of
the impact is consistent with the decreasing slope of the
impulse response function for the VARs in levels. In the ﬁnal
row of Figure 5, domestic and external savings per capita
(savi,t and exti,t) are added to the VAR. Since we cannot take
logs of domestic and external savings (which would lead to
the problems raised in Section 2), we consider the model ﬁrst
with aid and GDP measured in logs and domestic and exter-
nal saving in levels (Figure 5g), and second with all four vari-
ables measured in levels (Figure 5h). In both these instances,
the estimated model turns out to be unstable, presumably
due to the inclusion of variables in levels rather than logs,
while the underlying economic relation between aid and
income is multiplicative rather than additive. Due to this
instability, it is impossible to execute the bootstrap simula-
tion in order to obtain conﬁdence bounds for the impulse
response functions. We therefore report these impulse
response functions without conﬁdence bounds, and interpret
this issue as a strengthening of our argument in Section 2
that the Solow-type model including domestic and external
savings (Eqn. (1)) is not correctly speciﬁed. Finally, Figure 5i
is based on the VAR with all four variables measured in dif-
ferences. Apart from the widening conﬁdence bounds, the
resulting impulse response function looks similar to
Figure 5f.
Although providing a deﬁnitive answer to the aid-eﬀective-
ness question is not the primary objective of this study, webelieve that the results from this exercise can,with some caution,
be considered as indicative of time-series evidence on aid eﬀec-
tiveness. Overall, the results presented in Figures 4 and 5 consis-
tently suggest a positive long-term impact of aid on income.
This is in stark contrast to the results reported by NDHKM,
even though the results are based on the same dataset.5. CONCLUSION
The main purpose of this study was to illustrate how data
mishandling, model mis-speciﬁcation, and inappropriate
application of time-series techniques can lead to misguided
conclusions and inferences regarding the eﬀectiveness of for-
eign aid. More speciﬁcally, we have demonstrated how a sys-
tem of equations approach based on VAR models addresses
the well-recognized issue of endogeneity in aid-growth analy-
sis. In the process, we have also shown how the single-equa-
tion approach applied in NDHKM is not well suited to
handle the aid-growth relationship.
In light of the serious problems related to data handling
(taking logs of nonpositive numbers) and usage of time-series
techniques (interpreting a co-integrating vector as a causal
model), we argue that the evidence in NDHKM does not oﬀer
a sound time-series perspective on aid and growth. Even when
appropriate methodology and data are applied, insigniﬁcant
results, in the terminology of Temple (2010, chap. 67), only
amount to “absence of evidence” and should not be confused
for “evidence of absence” of the eﬀect of aid on income.
When the same dataset as in NDHKM is evaluated using a
Panel VAR model, which better addresses the fact that causal-
ity in the aid-growth relationship runs in both directions with
potentially opposing eﬀects, a positive and statistically signif-
icant long-run eﬀect of aid on growth emerges. This result is
consistent with other emerging time-series evidence, and
indeed with results from the aid-growth literature more gener-
ally.NOTES1. See Rajan and Subramanian (2008) and Moyo (2009).
2. See, for example, Clemens, Radelet, Bhavnani, and Bazzi (2012) and
Arndt et al. (2010).3. This problem mainly arises due to the bi-directional relationship
between aid and growth: donors give more aid to poor countries and lower
their assistance as recipient countries get richer. This bi-directional
relation creates a problem of endogeneity, which is a widely accepted
challenge in the aid-growth empirical research.
4. For example, Wooldridge (2001, chap. 17) shows that both ﬁxed-
eﬀects and random-eﬀects estimators can be inconsistent for unbalanced
panels when the sample selection process is not strictly exogenous.
5. The DGLS results from NDHKM show a negative and signiﬁcant (in
the bivariate model) and negative and insigniﬁcant (in the full model)
impact of aid on per capita income. (see Table 1 in NDHKM, p. 299)
6. Column six of Table 6 is estimated using Seemingly Unrelated
Regressions (SUR) which is a multi-equation model. But since there is
no information in the replication ﬁles provided by NDHKM regarding
the equations involved in this estimation, this column cannot be
replicated.7. The authors indicate that in estimating the impact of aid on growth
their preferred approach is DGLS (the results reported from Tables 1–5).
8. Here it should be noted that we are not expecting savings to be always
positive. Savings can legitmately be negative in the data. Our concern is
that NDHKM end up dropping the nonpositive saving values from the
data in an eﬀort to make a logarithmic transfornation of a variable which
is not always positive, leading to a nonrandom omission of observations.
9. See Caldara and Kamps (2008), Chung and Leeper (2007), Mountford
and Uhlig (2009), Stock and Watson (2001) and the papers cited therein.
10. For applications to ﬁscal policy, see Blanchard and Perotti (2002).
11. That is, since donors have to observe the GDP shock in the recipient
country before making a political decision and allocate aid, it is reasonable
to assume that aid allocation occurs with some lags after the GDP shock
takes place. On the other hand, the potential eﬀect of aid on GDP can be
expected to start improving the conditions for growth right away. See also
Dalgaard, Hansen, and Tarp (2004).
12. We are limiting attention to a bivariate VAR, apart from one of our
robustness checks, in which we supplement the VAR with domestic and
external savings. Even if we are aware that the bivariate approach
28 WORLD DEVELOPMENTpotentially leads to omitted-variable biases, we abstain from using
variables not used by NDHKM in our main analysis to ensure
comparability of the results of the two studies.
13. Without the log transformation of the variables, the impulse response
would display the actual eﬀects in real amounts rather than percentages,allowing for a more intuitive interpretation. After log-linearizing, a
percentage change in aid is assumed to have a ﬁxed-percentage eﬀect on
income, without taking the real level of aid and income into account. This
is a consequence of the choice to model aid and income as a multiplicative
system, following the convention in the literature (e.g., Juselius et al.
2013).
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A.1 Data and model speciﬁcation
We apply the exact same dataset as NDHKM. It is included
in the replication ﬁles provided in the data archive of the
Canadian Journal of Economics. From this dataset, we obtain
the variables “real income” (gdp), “net aid receipts” (aid),
“domestic savings” (sav) and “external savings” (ext). The
dataset also includes time-series on the population of each
country, which we use to transform all variables to per capita
terms. Section 3 in NDHKM provides details on the original
sources of the data. The dataset features observations on
131 countries, for a maximum of 47 periods (1960–2006).
We choose to work with a balanced dataset only, because
the estimator for the co-integrated PVAR is derived in a bal-
anced panel context (Breitung, 2005). We therefore include
only countries for which the entire time-series of observations
are available. With a starting date of 1960, we can include 47
countries in a balanced panel. When we postpone the starting
date to 1970, the number of available countries increases to 59.
With 1980 as the starting date, there are suﬃcient data for 70
countries. We choose the middle ground here, with T = 37
(1970–2006) and N = 59. Table 8 provides a list of countries.
In addition to increasing the number of available countries,
excluding the early years of aid data can be justiﬁed for data
quality reasons (e.g., Juselius et al., 2013). We also verify the
robustness of our results by varying the starting date to 1960
and 1980.
Our benchmark model is a bivariate VAR for the variables
aid per capita and real income per capita, both measured in
logs. In addition, we estimate VARs with several alternative
speciﬁcations. We consider the robustness of the results by
changing the starting date, by measuring aid and income in
aggregates instead of per capita terms (but still in logs), by
reversing the recursive order of the variables, and by ﬁrst-dif-
ferencing aid and income (per capita, in logs). In addition,
we supplement the VAR with domestic savings per capita
and external savings per capita (which are not in logs, since
these variables are not strictly positive). Details for all spec-
iﬁcations are listed in Table 9, in which () refers to the
benchmark model, and (a)–(i) to nine alternative speciﬁca-
tions.
Table 8. Countries
Algeriaa,d Dominicac Lesothoa Senegala
Argentinab Ecuadora Liberiaa,d Seychellesa,d
Bangladeshc Egypta Madagascara Sierra Leonea,d
Belizea,d El Salvadora Malawia,d Sri Lankaa
Benina,d Fijia,d Malib Sudana
Bhutanc Gambiab,d Mauritaniaa Surinamea,d
Boliviaa Ghanaa Moroccoa Swazilandc
Botswanaa Grenadac Mozambiquec Syriab
Burundia Guatemalaa Nepala Togoa,d
Cameroona Guineac Nicaraguaa Tongac
Central African Rep.a Guinea-Bissauc Nigera,d Tunisiab
Chada,d Guyanaa,d Nigeriaa Turkeyb
Chinac Haitia Pakistana Ugandaa,d
Colombiab Hondurasa Panamaa,d Uruguayb
Comorosc Indiaa Perub Venezuelac
Congo, D.R.a Indonesiab Philippinesa Zambiaa,d
Congo, R.a Jordanb,d Rwandaa
Cote d’Ivoirea Kenyaa Saudi Arabiab
Notes: Countries included in VAR analysis.
Source: See text.
a Countries included in datasets 1960–2006, 1970–2006 and 1980–2006.
b Countries included in datasets 1970–2006 and 1980–2006.
c Countries included in dataset 1980–2006.
d Countries not included in dataset including domestics and external savings.
Table 9. VAR Speciﬁcations
y T N Per capita Logs VECM
() (aid, gdp) 37 (1970–2006) 59 Yes Yes Yes, r = 1
(a) (aid, gdp) 47 (1960–2006) 47 Yes Yes Yes, r = 1
(b) (aid, gdp) 27 (1980–2006) 70 Yes Yes Yes, r = 1
(c) (aid, gdp) 37 (1970–2006) 59 GDP only Yes Yes, r = 1
(d) (aid, gdp) 37 (1970–2006) 59 No Yes Yes, r = 1
(e) (gdp, aid) 37 (1970–2006) 59 Yes Yes Yes, r = 1
(f) (Daid, Dgdp) 37 (1970–2006) 59 Yes Yes No
(g) (aid, gdp, ext, sav) 37 (1970–2006) 41 Yes Aid and GDP only No
(h) (aid, gdp, ext, sav) 37 (1970–2006) 41 Yes No No
(i) (Daid, Dgdp, Dext, Dsav) 37 (1970–2006) 41 Yes Aid and GDP only No
Notes: VAR speciﬁcations. (): Benchmark model with impulse response functions presented in Figure 4. (a–i): Alternative VAR speciﬁcations presented
in Figure 5(a–i). T: Time-series dimension. N: Cross-sectional dimension. “Per capita” indicates whether variables are measured in per capita terms or in
aggregates. “Logs” indicates whether variables are transformed to logs. “VECM” indicates whether model is estimated in VECM (Eqn. (3)) or unrestricted
VAR (Eqn. (2)) representation. In the case of a VECM representation, r denotes the co-integrating rank (see Breitung, 2005, for details).
Source: See text.
Table 10. Lag Selection
p 1 2 3 4 5 6
() 9.807 9.778 9.782 9.798 9.808 9.819
(a) 9.511 9.481 9.490 9.502 9.516 9.524
(b) 9.710 9.705 9.718 9.737 9.744 9.758
(c) 9.816 9.780 9.785 9.798 9.811 9.824
(d) 9.837 9.809 9.815 9.828 9.838 9.848
(e) 9.807 9.778 9.782 9.798 9.808 9.819
(f) 9.885 9.881 9.890 9.904 9.916 9.926
(g) 43.336 42.881 42.642 42.565 42.578 42.566
(h) 65.299 64.675 64.514 64.375 64.377 64.381
(i) 43.409 42.950 42.758 42.745 42.748 42.793
Notes: Bayesian information criteria (BIC) for Panel VAR (p) model (Eqn. (2)), with p = 1–6. See Table 9 for details on the 10 diﬀerent VAR
speciﬁcations. Minimum BIC in each row is depicted in italics.
Source: See text.
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30 WORLD DEVELOPMENTThe ﬁnal column of Table 9 depicts whether each VAR is
estimated as an unrestricted VAR (Eqn. (2)), or as a co-
integrated VAR in VECM representation (Eqn. (3)). For the
benchmark model (), and for alternatives (a)–(e), we ﬁnd that
aid and income are co-integrated with rank = 1, based on the
test procedure of Breitung (2005). For the diﬀerenced variables
(f) and (i), we estimate a stationary VAR (Eqn. (2)).
For the VARs with four variables (g)–(h), we are not suc-
cessful, despite the nonstationarity of the variables, in ﬁtting
a VECM (Eqn. (3)). We estimate speciﬁcations (g)–(h) there-
fore as an unrestricted VAR (Eqn. (2)), although even in this
case the estimated VAR turns out unstable such that we are
not able to compute conﬁdence bounds for the impulse
response functions. These problems presumably arise due to
the inclusion of variables in levels rather than logs.
Before estimating the VAR, the lag-order p needs to be
selected. We base this selection on the Bayesian Information
Criterion (BIC). Table 10 denotes the BIC for all sets of vari-
ables, based on OLS estimates of a standard VAR (Eqn. (2)),
with one up to six lags. For all bivariate VARs, the BIC is
minimized for p = 2, while for the VARs including domestic
and external savings a lag order of p = 4 is selected.APPENDIX B. BOOTSTRAP
The impulse response functions are derived from the esti-
mated matrices A^j in Eqn. (2). Models that are estimatedas a VECM (Eqn. (3)), are after estimation transformed
into a standard VAR (Eqn. (2)), i.e.: A^j ¼ a^b^0 þ B^1 and
A^þ 2 ¼ B^2. Given the estimates li; A^j, and the ﬁtted
residuals e^i;t, the bootstrap simulation is executed as
follows:
1. Draw (with resampling) T+100 k1 vectors of errors
from the set of residuals e^i.
2. Using li; A^j, and the sample of random errors from step
1, generate a k  (100 + T) matrix of simulated observa-
tions yi.
3. Disregard the ﬁrst 100 observations of yi. Repeat steps
1–2 for all countries, to obtain a simulated N  T panel
of observations.
4. Use the simulated panel to estimate A^j (either directly, or
ﬁrst as a VECM if this is the original speciﬁcation), and to
compute the corresponding impulse-responses.
5. Repeat steps 1–4 R times. In this paper, R = 100.000.
Compute the sample standard deviation from the R
impulse response functions. The 95% conﬁdence bounds
are computed by adding or subtracting 1.96 times the boot-
strapped standard deviation from the originally estimated
impulse response.ScienceDirect
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